Large installation of distributed generations (DGs) of renewable energy sources (RESs) on distribution network has been one of the challenging tasks in the last decade. According to the installation strategy of Japan, long-term visions for high penetration of RESs have been announced. However, specific installation plans have not been discussed and determined. In this paper, for supporting the decision-making of the investors, a new scenario-based two-stage stochastic programming problem for long-term allocation of DGs is proposed. This problem minimizes the total system cost under the power system constraints in consideration of incentives to promote DG installation. At the first stage, before realizations (scenarios) of the random variables are known, DGs' investment variables are determined. At the second stage, after scenarios become known, operation and maintenance variables that depend on scenarios are solved. Furthermore, a new scenario generation procedure with clustering algorithm is developed. This method generates many scenarios by using historical data. The uncertainties of demand, wind power, and photovoltaic (PV) are represented as scenarios, which are used in the stochastic problem. The proposed model is tested on a 34 bus radial distribution network. The results provide the optimal long-term investment of DGs and substantiate the effectiveness of DGs.
INTRODUCTION

Background
Large penetration of RESs-based DGs in distribution network implies that distribution companies (DISCOs) need to deal with the intermittent nature of RES such as wind speed and solar radiation in order to maintain the demand-and-supply balance continuously, and accommodate expected demand growth over the planning horizon (Eftekharnejad et al., 2013) . DGs refer to small-scale energy generations and are most generally used to guarantee that sufficient energy is available to meet peak demand. Distributed generation planning (DGP), which determines the optimal siting, sizing, and timing, is modeled to tackle above problem. The objective of DGP is to ensure that the reliable power supply to the consumers is achieved at a lowest possible cost. DGP plays an important role as a strategic-level planning in modern power system planning. Commonly used approaches to solve the DGP are: sensitivity analysis-based approaches, mixed-integer linear programming, and nonlinear programming. However, the above methods can not fully handle the uncertainties. Consequently, stochastic programming and metaheuristic-based approaches have been used these days, to consider the uncertainties at the energy planning (Payasi et al., 2011; Jordehi, 2016) .
Related Work
Much attention has been paid to solving several stochastic problems for one-type capacity planning. For multi-resource type, the scenario-based techniques also have been proposed to consider various uncertainties (Huang and Ahmed, 2009; Baringo and Conejo, 2013b; Munoz et al., 2016) .
In power system planning on transmission and distribution network, many approaches have been developed considering some RESs, energy conversion and transmission, and the uncertainties that are caused by demand, pricing, and intermittent renewables (Verderame et al., 2010 ). An energy planning in individual large energy consumers was formulated as a mixed integer linear programming model by using fuzzy parameters in (Mavrotas et al., 2003) . (Atwa et al., 2010) proposed a probabilistic mixed integer nonlinear problem for distribution system planning.
Several studies related to stochastic optimization of DGP have been proposed. In (Fu et al., 2015) , a chance-constrained stochastic programming model was formulated for managing the uncertainty of PV, which was solved by an algorithm combining the multi-objective particle swarm optimization with support vector machines. (Abdelaziz et al., 2015) provided an energy loss minimization problem which determines the optimal location of RES-based DGs and the location and daily schedule of dispatch-able DG. In the problem, the uncertainties between wind power, PV and demand were considered using the diagonal band Copula and sequential Monte Carlo method. In (Saif et al., 2013) , the uncertainties of wind energy, PV, and energy storage system were produced as chronological ones for a two-layer simulation-based allocation problem. In (Pereira et al., 2016) , the allocation problem of VAR compensator and DG was formulated as a mixed-integer nonlinear problem and solved by using meta-heuristic algorithms.
A two-stage architecture is commonly used in stochastic programming approaches. At the first stage, DGs' investment variables are determined before realizations of random variables are known, i.e., scenarios. At the second stage, after scenarios become known, operation and maintenance variables which depend on scenarios are solved. (Carvalho et al., 1997 ) modeled a two-stage scheme problem of distribution network expansion planning under uncertainty in order to minimize an expected cost along the horizon and solved by the proposed hedging algorithm in an evolutionary approach to deal with scenario representation efficiently. In (Krukanont and Tezuka, 2007) , a two-stage stochastic programming for capacity expansion planning was provided in a power system of Japan. This model includes the uncertainties of the demand, carbon tax rate, operational availability. In (Wang et al., 2014) , a two-stage robust optimization-based model considering uncertainties of DG outputs and demand was provided for the optimal allocation of DGs and microturbine. (Montoya-Bueno et al., 2015) proposed a stochastic two-stage multi period mixed-integer linear programming model of renewable DG allocation problem considering the uncertainties affected by demand and renewable energy production.
As an allocation problem of energy storage system (ESS), (Nick et al., 2014) formulated the optimal allocation problem as a two-stage stochastic mixed-integer second-order cone programming (SOCP) model. In (Nick et al., 2015) , SOCP problem of ESS allocation was solved by using alternative direction method of multipliers. In (Asensio et al., 2016a; Asensio et al., 2016b) , the allocation problem of DGs and energy storage was formulated as a stochastic programming model for maximizing the net social benefit taking account of demand response. Since the cost of ESS is very expensive and ESS seems not to be efficient at this stage, ESS is excluded from consideration in this paper.
In solving the two-stage stochastic programming, an effective methodology to create proper scenarios must be needed to represent various uncertainties because it is very difficult to realistically obtain all of the information about the uncertainty and computationally incorporate it into the model. In case some probability distributions are analytically estimated and used instead, the problem commonly becomes very complexed, even if the problem is small. Hence, when the partial information of the uncertainty is available, the stochastic programing model normally needs to be solved using scenarios. There exist many techniques of scenario generation (Dupačová et al., 2000) . The uncertainty modeling such as demand and wind speed were developed to create scenarios in (Baringo and Conejo, 2011) . The proposed method uses duration curves which is approximated by some demand blocks. (Baringo and Conejo, 2013a) performed the scenario reduction by using K-means clustering algorithm to arrange the historical scenarios of demand and wind into clusters according to the similarities. (Sadeghi and Kalantar, 2014) used Monte Carlo simulation and probability generation load matrix for obtaining the uncertainty of fuel and electricity price, DG outputs, and load. In (Mazidi et al., 2014) , the Latin hypercube sampling was used to prepare scenarios of RESs. In (Seljom and Tomasgard, 2015) , an iterative-random-sampling-based scenario generation algorithm was developed. They evaluated whether the number of scenarios is enough to obtain reliable results. In (Nojavan and allah Aalami, 2015) , the normal distribution and the Weibull distribution were used for generating the scenarios of electric price, demand, and meteorological data. The created scenarios were reduced by the fast forward selection based on Kantorovich distance approach. In (Montoya-Bueno et al., 2016) , a probability density function-based scenario generation method was proposed for the allocation problem of wind power and PV.
Contribution
Most of scenario generation have not considered the correlation between the uncertainties (e.g., demand and solar radiation) and usually the uncertainty separations to the levels have been made manually (Baringo and Conejo, 2011; Montoya-Bueno et al., 2016) . It is necessary, however, to create scenarios automatically in consideration of the correlations for appropriate scenarios based on data. In optimization problem mentioned above, many researches of optimal DG allocation problem that takes into account the uncertainties have been performed. Most of the studies have considered only one-year's allocation and daily/annual system operation. Realistically, in order to accomplish the optimal system operation in multiperiod, obtaining the long-term optimal siting, sizing, and timing is required. Hence, this study provides the two main contributions as follows.
• A new scenario generation method with K-means is proposed to create scenario-levels automatically by using similarity measure. This procedure uses historical data and can be implemented readily. If K-means algorithm is simply applied to the available data, it is not possible to take into account the correlation between demand and meteorological data or seasonal characteristics (e.g., summer and winter). Hence, in the proposed approach K-means clustering is utilized in stages by focusing on demand and seasons. Many scenarios of demand, wind speed, and solar radiation are generated and appropriate probabilities of each scenario are calculated (not equal-probability) by use of divided time blocks.
• A new long-term allocation problem of RESbased DGs is proposed. This model is formulated as a two-stage stochastic programming problem with the objective of minimizing the total system cost. In the proposed model, some devices and constraints are integrated for improving distribution system (i.e., limitation of reverse power flow, generation of DG considering lagging/leading power factor, capacitor bank (CB)). Furthermore, the carbon emission costs and incentives are considered from the point of view of international trends and economics because the problems of carbon emissions are actively discussed at the Conference of the Parties to the UN-FCCC to achieve a clean environment and the government generally, in order to reach high renewable penetration levels, subsidizes the DISCOs that invest RES to their distribution system.
Paper Organization
The reminder of this paper is organized as follows. In Section 2, the details of the proposed scenario generation procedure is described. Section 3 provides the stochastic programming model. The results of the numerical simulations are presented and discussed in Section 4. Finally, the paper is concluded providing some insights and summaries in Section 5.
SCENARIO GENERATION
This Section describes the proposed scenario generation method that applies K-means to historical data (i.e. load, wind speed, solar radiation) in stages. The goal is to obtain the scenario levels of demand, electricity price, wind speed, and solar radiation for creating specific scenarios. The role of K-means is to classify a original dataset into a certain number of clusters K. The centroid of each cluster is the mean value of the data allocated to each cluster. The algorithm is based on the iterative fitting process as following steps:
1. Select the number of clusters K according to the specific problem. Randomly place K points, which represent the initial cluster centroids, into the space represented by the clustered dataset.
2. Assign each data to the closest centroid base on the distances.
3. When all data have been assigned, recalculate the new cluster centroids using data allocated to each cluster.
4. Repeat Steps 2 and 3 iteratively until there are no changes in any mean, i.e. the centroids no longer move. As a result, the clustered dataset is separated into groups minimizing an objective function, in this paper a quadratic distance is used.
Historical data need to be available for scenario creation, i.e. hourly demand, wind speed, solar radiation, and electricity price data for the 8760 hours of the year. Figure 1 shows the overview of the proposed scenario generation. The steps are described below:
Step 1) Normalize data into the [0.0,1.0] interval by dividing by the maximum value of each feature and simultaneously separate into two seasons : summer (April-September) and winter (OctoberMarch). Each seasonal group consists of 4380 hours block.
Step 2) Apply K-means (the number of clusters K = 4) to only the demand in each seasonal groups created in
Step 1 and allocate each data into four groups. Figure 2 shows the clusters of the demand. Moreover, wind speed, solar radiation and price indexed to each demand data are also allocated to the same clusters of the demand. Each divided group is defined as a time block b, which is related to the representatives of demand clusters (e.g., peak-load of summer, middle-load of summer, low-load of winter). Total of the number of hours in time block b is represented as N hours b .
Step 3) Apply K-means (K = 3) again into the demand, wind speed, and solar radiation of the data group created in
Step 2 respectively and 9 data groups are created per one block.
Step 3-5 in Fig.  1 focus on the flow of the one of the data blocks in Step 2.
Step 4) The mean values of each data block in Step 3 are used as a block representative to create the factors of demand, wind speed, and solar radiation. Note that the price levels are determined by the mean values of the price within each demand block. Renewable production models in (Eduardo, 1994) and (Atwa et al., 2010) are used in this paper so that renewable observation data are transformed into power output (i.e., wind generation factor and PV generation factor)
Step 5 lated as:
Note that the time block b represents the demand periods related to season (e.g., high-demand in summer, low-demand in winter) and the index s represents the scenarios in the time block b (e.g., (high demand, large wind, large PV), (low-demand, middle wind, small PV)).
OPTIMAL LONG-TERM ALLOCATION PROBLEM OF DISTRIBUTED GENERATION
Two-stage stochastic linear programming is used as a formulation of the long-term allocation problem of DGs. The model uses the scenarios and provides the optimal siting, sizing, and timing of RES-based DGs to be installed (wind power and PV). The nomenclature related to the problem formulation described in Appendix.
Objective Function
This model minimizes the total system cost consisting of the investment cost π inv t and operation & maintenance cost in consideration of the incentive µ inc t . The expected value of the O&M cost in year t is shown as:
where, Ω B t is the set of time blocks in year t, N hours t,b is the total hours of time block b in t, Ω S t,b is the set of the scenarios in t and b, Pr t,b,s is the probability of the scenario s in t and b, and π om t,b,s is the O&M cost per unit time in t, b, and s. In this paper, it is assumed that the time blocks and scenarios are the same every year,
because, in the same region, the trend of the demand profile and the average of the weather data are considered not to change significantly. It is important to note that the operational environment of the power system is different in each year since the time-dependent parameters exist, such as demand growth factor, discount rate, and price increasing factor, although the scenarios do not change.
Therefore, the aim of the model is minimizing the total system cost over the planning horizon T :
Minimize:
where α t = 1 (1+d) t is the present value factor.
Investment Costs
The following equations show the investment costs of the substation, wind turbine, PV, and CB. The costs are, respectively, annualized by using the interest rate and lifetime of the devices. Therefore, the previous year's investment cost is added to the next one except for the first year.
Operation and Maintenance Costs
O&M costs are shown in the following equations. Total O&M cost includes the power loss cost, unserved energy cost, purchased energy cost, O&M cost of DGs and CB, and CO 2 emission cost.
Incentive
Incentive will be paid for the new investment of DGs by using the subsidy rare.
Constraints
Power Balance Constraints
The following constraints describe the active and reactive power balance of the load and substation buses. It should be mentioned that the scenario of demand, η load b,s , is used by multiplying the peak load of each bus. 
Voltage and Current Equations
The 
To transform the non-linear equation (24) into the linear equation, the piecewise linear approximation described in (Zou et al., 2010 ) is used in this paper. The equation is linearized as follows:
Current, Voltage, and Power Limits
The current on branches, voltage of buses, and power flow on branches should be limited in the allowable range:
Maximum DG Size Limits
The following constraint defines the maximum DG installation capacity of each bus:
DG & CB Generation Limits
Constraints (43) - (45) express the minimum and maximum generation of DGs and CB. Note that the scenarios of the wind power and PV, i.e., production factors η WD b,s and η PV b,s , are used by multiplying the maximum available output of each installed DG. The following constraints show the maximum available output in each year:
The number of installations of DG and CB in each bus is limited as,
The constraints of the reactive power produced by DGs are expressed by using leading/lagging power factor:
New Scenario-based Stochastic Programming Problem for Long-term Allocation of Renewable Distributed Generations Figure 3 : Distribution system configuration.
Investment Limits
The following constraints refer to the annualized and actual investment cost limits considering the lifetime.
Energy Not Supplied Limits
The unserved power must be less than the demand:
Substation Limits
The following constraints show the generation limit of the substation.
(65) The substation expansion is allowed up to the maximum power:
NUMERICAL SIMULATION
Distribution System
The 34-bus three-phase radial feeder, shown in Figure  3 , is used to test the proposed scenario generation and allocation problem. The system has 1 substation and 33 buses with/without load. Details of the network are given in (Chis et al., 1997) . 
Data and Parameters
The simulation parameters are shown in Table 1 . Actual load data of Tokyo Electric Power Company (TEPCO) are used as demand. The wind speed and solar radiation are the meteorological observation data of Miyakojima Island in Japan from Jan. 1, 2015 to Dec. 31, 2015. A twenty-year period is used as a planning horizon. Demand, wind, PV, and price levels are described in Table 3 . The problem is solved using Gurobi 6.5.0 (Gurobi 6.5.0, 2016) on a Linuxbased computer with 4-core Intel R Core i7-4770 at 3.4 GHz and 24 GB of RAM. The information about the overall model is described in Table 2 .
Simulation Cases
The following three cases are consided: Case A: The investment is only allowed for the expansion of the substation, i.e., the right-hand side of Eq. (42) is zero. Case B: All the constraints are considered.
Case C: Case B without investment constraints (57) and (58). Tables 4 and 5 show the O&M costs and total system costs. Optimal location, sizing, and timing are shown in Tables 6 and 7 . The installation of DGs plays an important role to reduce the total system cost despite the fact that the investment costs are increasing. A significant contribution is that it drastically reduces the O&M costs (see Table 4 ). This is one of the general benefits of DG installment. From Table 4 , the greatest cost savings occur in the emission cost because the emission rate of the purchased energy at the substation is two times higher than that of the DGs. Moreover, the losses cost and purchased energy cost are reduced since most DGs are allocated around the terminal buses of radial distribution system. As CB  SUB  WD  PV  CB  SUB  WD  PV  CB  1  800  600  262.5  800  1500 1875  600  2  100  100  3  100  100  4  100  5  1000  100  6  1000  1000  7  1000  100  8  100  9  100  100  10  11  12  100  13  200  1000  200  200  14  500  300  1000  300  15  400  400  400  16  400  500  400  17  400  400  500  18  500  100  400  19  500  500  20  100  400  Total  2000 4100 2000  600  262.5 3000 2000 1800 1875 3900 shown in Table 6 , the DGs allow the substation expansion to defer. However, the results imply that the expansion is not inevitable due to the intermittent nature of renewable DGs and the demand growth (see Table 7 ). The O&M cost of CB decreases even if the number of CB increases (see Tables 4 and 7) , implying that CB co-exists well with the large amount of the installed DGs. Without the budget constraints, nearly the same amount of wind turbine and PV are installed. However, in the consideration of the budgets, the wind power to be installed is larger than PV because it is affected by the high subsidy rate of wind.
Results and Discussions
In the same way, the simulations without the incentive were tested, i.e., the incentives of wind energy and PV are 0. The O&M and total system costs are shown in Tables 8 and 9. Tables 5 and 9 indi- cate that the incentive is helpful to decrease the total system costs, though the O&M costs of case B is increased slightly. The optimal sizing under no incentive is shown in Table 10 . From this result, it is suggested that PV is installed more than wind power in the case that there are no incentives. It is worth pointing out that the DGs have an important role in terms of system stability as well as cost minimization. The average of the voltage deviations of all scenarios in the first-and final-planning years are illustrated per case in Figure 4 . The figure shows that the overall voltage drops as the demand increases for twenty years. Besides, the large installation of DGs makes the amplitude of the voltage more stable than no DGs.
CONCLUSIONS
The paper has presented a procedure for creating the demand and DG generation scenarios with K-means. Simultaneously, a long-term allocation problem of RES-based DGs has been formulated as a two-stage stochastic programming problem and tested on the 34-bus distribution system. The obtained results and insights are summarized as below:
• The long-term optimal solutions for the decisionmaking are obtained by solving the stochastic optimization problem with the created scenarios.
• The uncertainties of scenarios are wellrepresented because the substation expansions are inevitable due to the renewable energy intermittency, while the DG installation reduces the total distribution system cost.
• The proposed method with K-means can be easily implemented, improved to create many scenarios, and expanded to a multi-stage architecture.
• The proposed problem determines the optimal long-term siting, sizing, and timing of DGs, considering the variables and constraints with respect to the practical equipment and economics.
• The results show that an optimal DG allocation is quite important in order to reduce the system cost. 
Scenario index
Parameters:
anu Annualized investment costs of transformer, wind turbine, PV module, and capacitor bank Cost of energy purchased from upper grid at substation in time block b and scenario s C WD,n ,C PV,n ,C CB,n Binary parameters whether bus n is the candidates to install wind turbines, PV modules, and capacitor banks Reactance of branch n, m X WD,n , X PV,n , X CB,n Maximum number of wind turbines, PV modules, and capacitor banks to be installed in bus n z n,m
Impedance of branch n, m 
